ABSTRACT The performance of optimal reactive power dispatch is affected by the uncertainty of transmission line parameters (i.e., resistance, reactance, and shunt admittance). To address this problem, a basic robust optimization (BRO) model is presented, where the uncertainty of transmission line parameters is modeled by using an uncertainty set. However, the BRO model tends to return an overconservative solution. Motivated by this, an improved robust optimization model with feedback and correction (FCRO) is proposed to mitigate the conservativeness of the BRO model. The FCRO procedures replace the excessively strict constraints by the constraints represented by increment, which are less strict, and thus improve the performance of robust optimization. This improvement does not need the detailed information about uncertain data, such as the probability distribution functions. Moreover, indicators are proposed to evaluate the performance of the proposed models in terms of robustness and optimality quantitatively. The simulation results show the robustness of the BRO and FCRO models to the uncertainty of transmission line parameters, and substantiate the benefit of the FCRO model in improving the optimal fitness value. Besides, the results also verify the effectiveness of the indicators on evaluating the models. 
values of variables when P is maximized in decision space (ξ Rij , ξ Xij , ξ BLij ) (·) (m) h values of variables when V m is maximized (as h = 2) and minimized (as h = 3) in decision space (ξ Rij , ξ Xij , ξ BLij ), respectively (·) (s) l values of variables when Q Cs is maximized (as l = 4) and minimized (as l = 5) in decision space (ξ Rij , ξ Xij , ξ BLij ), respectively I. INTRODUCTION Optimal reactive power dispatch (ORPD) aims to minimize active power loss, minimize voltage deviation, and/or maximize voltage stability by optimally setting control variables, such as outputs of reactive power compensators, terminal voltages of generators, and on-load tap ratios of transformers [1] , [2] . ORPD is crucial to the safe, stable, and economic operation of power systems. A remarkable number of literatures have been published on the study of ORPD.
Deterministic ORPD models, where the inputs and parameters of the model are considered as determined values, have been investigated in [1] [2] [3] [4] . To consider the uncertainty of load, renewable generation and electric vehicles, stochastic optimization [5] [6] [7] [8] and robust optimization [9] [10] [11] [12] [13] are utilized in ORPD. In most of these literatures, transmission lines' parameters (i.e. resistance, reactance and shunt admittance) are assumed to be accurate, and the uncertainty of transmission line parameters in ORPD has not been discussed.
In practice, to obtain transmission line parameters is inevitably associated with uncertainty, including the uncertainty of environmental factors, voltage and current measurement, and model equivalence. Traditionally, line parameters are calculated according to ideal models based on data provided by the manufacturers, which are not reliable because there are many assumptions and approximations [14] , [15] . Indeed, actual parameters of transmission lines vary with environmental factors, such as temperature and soil resistivity. In some situations, the difference between the actual parameters and the database parameters may reach up to 20%-30% [16] , [17] . Currently, phasor measurement units (PMUs) are used in power systems because their ability to provide highly accurate measurements of voltage phasor and current phasor. PMU-based methods for transmission line parameter estimation have been developed to improve the accuracy of transmission line parameters [14] , [18] , [19] . However, various sources of uncertainties (e.g. unbiased noise and biased errors from instrument transformers, errors from A/D converters, and errors from data processing procedures) have introduced errors to the measurements of PMUs, affecting the accuracy of parameter estimation [20] , [21] . Besides, the equivalent models of transmission lines also affect the estimation results. The π model, which is an equivalent model derived from the uniformly distributed model, is used to estimate the parameters in most estimation methods [14] , [18] , [19] . However, the parameters of an actual transmission line are not uniformly distributed because environmental factors differ along the line, especially in the case that the line is of hundreds of kilometers long. Moreover, it is difficult to determine the credibility of the line parameter estimation methods because the true values are unknown.
It is necessary to consider the uncertainty of transmission line parameters in ORPD, because the transmission line parameters strongly affect the reliability of power flow calculation, and thus affect the performance of ORPD. Transmission line parameters are generally used to construct power flow constraints, which determine voltage and reactive power output corresponding to a possible solution to ORPD. These constraints are directly related to transmission line parameters. If the uncertainty of transmission line parameters is neglected, an ORPD solution, which is feasible in mathematics, may be unfeasible in practice, and may cause undesirable results in the real power systems, such as voltage violating its limitation. It is worth mentioning that in practice, some VOLUME 6, 2018 methods for regulating voltage regulators and reactive power compensators depend on the measured values of voltage and reactive power, and do not need power flow calculation. Those methods are not impacted by the uncertainty of transmission line parameters. However, those methods are usually incapable to achieve an optimal setting of voltage regulators and reactive power compensators.
Some studies have investigated the ORPD involving uncertain data. However, despite the necessity to include the uncertainty of transmission line parameters in ORPD, previous studies focused on the uncertainty of load, renewable generation and electric vehicles. In these studies, stochastic optimization and robust optimization are two common approaches to manage uncertain data. Stochastic optimization is a popular approach to deal with uncertainties in ORPD. References [5] and [6] presented stochastic multi-objective ORPD models considering the uncertainty of loads and wind power. Reference [7] proposed a stochastic method for optimal reactive power market clearing which took into account the volatility of wind power. Reference [8] constructed a stochastic multi-objective optimal active/ reactive power dispatch model, and proposed an enhanced firefly algorithm to solve the model. However, there are some obstacles for the stochastic optimization approach to be applied in practice. On one hand, stochastic optimization describes uncertain data by their probability distributions, which are usually hard to obtain in real power systems. On the other hand, stochastic optimization needs to generate a great number of scenarios to provide enough accuracy, which leads to huge computation burden.
Recently, the approach of robust optimization has attracted researchers' attentions. In the studies of ORPD, robust optimization has been used to deal with the uncertainties brought by renewable generation, electric vehicles, electric demand, etc. [9] [10] [11] [12] [13] . Compared with stochastic optimization, robust optimization has two advantages. First, it is more practical because it only requires a little information about uncertainty. Robust optimization describes uncertainty by a deterministic set called an uncertainty set, where the ranges of the uncertain data are given. In practice, it is much easier to obtain the ranges than the probability distributions of the uncertain data. Second, robust optimization is usually less computationally demanding because it does not have to solve the optimization problem for a great number of scenarios. It seeks the optimal solution in the worst case, which describes the most unfavorable situations resulting from uncertain data. A challenging problem of robust optimization is that its solution tends to be over conservative. Consequently, several methods have been presented to mitigate the conservativeness. Reference [22] proposed a hybrid model of stochastic and robust optimization, where the objective function was formulated as the weighted sum of the stochastic part and the robust part. Reference [23] proposed an expanded robust unit commitment model, which described the uncertainty set by multiple sets and formulated the objective function as the weighted sum of the worst-case performances under those sets. Reference [24] constructed dynamic uncertainty sets, which modeled temporal and spatial correlations in variable sources. However, all the methods presented in [22] [23] [24] require detailed information about uncertainty in addition to an uncertainty set, such as probability distributions of uncertain data [22] , probability distributions of uncertainty sets [23] , and temporal and spatial correlations of uncertain data [24] , which is hard to obtain. Besides, in order to mitigate the conservativeness, the methods proposed in [22] and [23] included probability information of the uncertain data into the objective function, and the method proposed in [24] used a dynamic uncertainty set, while few studies have paid attention to improving the feasible region under the original uncertainty set. Therefore, one of the aims of this paper is to propose a method to mitigate the conservativeness of robust optimization by improving the feasible region without requirement for other information about uncertain data. This paper focuses on solving the ORPD problem considering the uncertainty of transmission line parameters. The robust optimization approach is utilized to deal with unfeasible problems caused by such uncertainty. An improved robust optimization model is proposed to mitigate conservativeness of robust optimization. The contributions of this paper are summarized below:
1) The uncertainty of transmission line parameters is included in the basic robust optimization (BRO) model for ORPD; 2) A robust optimization model with feedback and correction (FCRO) is proposed to mitigate the conservativeness of the BRO model while retain the advantage of minimal requirement of information about uncertain data; 3) Indicators including optimality indicator, robustness indicator and composite index are proposed to quantitatively evaluate the performance of the BRO model and the FCRO model; 4) The master-sub problem framework is utilized to solve the BRO model and the FCRO model and to obtain the value of the robustness indicator.
It is worth mentioning that the uncertainty of transmission line parameters is different with the uncertainty of renewable generation, such as wind power generation. The uncertainty of transmission line parameters results from inaccurate calculation and measurement, while the uncertainty of renewable generation results from the volatile nature of renewable energy. The proposed method is applicable to a scenario dealing with inaccurate parameters rather than fast fluctuant data.
This paper is organized as follows. The mathematical formulations of the BRO model, the FCRO model, and the performance evaluation indicators are proposed in Section II. The solution method based on the master-sub problem framework is presented in Section III. Case studies are given in Section IV. Finally, conclusions are drawn in Section V.
II. MATHEMATICAL FORMULATIONS
The deterministic optimization (DO) model and robust optimization (RO) models for ORPD are formulated in this section. First, the DO model is expressed. In this model, the objective and constraints of ORPD are described. As the DO model does not consider the uncertainty of transmission line parameters, it may lead to an unfeasible solution in practice, although it is feasible in mathematics. To cope with this problem, the BRO model is presented. And the FCRO model is proposed to mitigate the conservativeness of the BRO model. Finally, indicators are provided to evaluate the performance of the above models in terms of optimality and robustness.
A. DETERMINISTIC OPTIMIZATION MODEL
A DO model [12] for ORPD aiming to minimize active power loss is described by (1) .
where P is the active power loss of power system, P Gi and P Li are the active power generation and active power load at bus i, Q Ci and Q Li are the reactive power compensation and reactive power load at bus i, V i is the voltage magnitude at bus i, δ ij is the voltage angle difference between bus i and bus j, G ij and B ij are the real part and imaginary part of ijth element of the bus admittance matrix [25] , T a is the tap ratio of transformer a, N is the set of buses, P is the set of PV buses, M is the set of PQ buses, T is the set of reactive power compensators that operate as reactive power source (i.e., the compensators generate reactive power output to track a set point of reactive power), S is the set of reactive power compensators that operate as voltage sources (i.e., the compensators generate reactive power output to track a set point of voltage at a selected bus) [26] [27] [28] , and A is the set of transformers. Among these formulae, (1.a) is the objective function, (1.b) is the power flow constraint, (1.c) and (1.d) are the voltage magnitude constraints for PV buses and PQ buses, respectively, (1.e) and (1.f) are the constraints of reactive power output of the reactive compensators that operate as reactive power sources and voltage sources, respectively, and (1.g) is the constraint of tap ratios.
B. BASIC ROBUST OPTIMIZATION MODEL
In order to consider the uncertainty of transmission line parameters, the BRO model is proposed based on the robust optimization approach [11] , [12] . The BRO model for ORPD is expressed as:
is the function to generate elements in the bus admittance matrix [25] , U is the uncertainty set, ξ Rij , ξ Xij and ξ BLij are the deviation of resistance, reactance and shunt admittance of transmission line ij, and B is the set of transmission lines. The uncertainty of transmission line parameters is described by (2.g). The relation between such uncertainty and the power flow constraint is constructed by (2.b). Once a possible solution is selected, the control variables (i.e., V p , Q Ct , and T a ) will not change, while the state variables (i.e., active power output of slack bus P Gsl , V m , Q Cs , and δ i ) vary with the transmission line parameters. Therefore, the constraints of the control variables retain the same form as in (1.c), (1.e) and (1.g), whereas the objective function and the constraints of state variables are modified as shown in (2.a) and (2.c)-(2.f) to consider the influence of the uncertainty of transmission line parameters. The control variables and state variables can be expressed as (3) and (4) respectively.
and then the power flow constraint can be expressed in a compact style as follow.
C. ROBUST OPTIMIZATION WITH FEEDBACK AND CORRECTION
1) REGULAR FORM AND INCREMENT FORM OF MAXIMAL AND MINIMAL VALUES
The left sides of (2.c)-(2.f) calculate the maximal and minimal values of V m and Q Cs corresponding to a possible u directly. In this paper, the form of the left sides of (2.c)-(2.f) is called regular form. Another form of maximal and minimal values is presented as (7) .
where, the superscript meas represents that the values of the variables come from measurement, and the subscript 0 represents that the values of the variables correspond to the initial reactive power dispatch scheme. In (7), the maximal and minimal values are calculated by initial measured values and the increment corresponding to the change of u. In this paper, the form expressed as (7) is called increment form.
Constraints in different forms result in different feasible regions. An illustration of feasible regions resulting from constraints in different forms is shown in Fig. 1 , where [u R ,ū R ] and [u I ,ū I ] are the feasible space of u corresponding to the constraints in regular form and increment form, respectively. As shown in Fig. 1(a) , as u decreases, the minimal value in regular form reaches V before the minimal value in increment form does it. In addition, as u increases, the maximal value in regular form reachesV before the maximal value in increment form does it. Therefore, the constraints in regular form unnecessarily eliminate a part of possible solutions, i.e. [u I , u R ] and [ū R ,ū I ]. In this case, the constraints in regular form are excessively strict.
Another situation may happen as shown in Fig. 1(b) , where the maximal value in regular form reachesV after the maximal value in increment form does it as u increases. Similarly, the minimal value in regular form may reaches V after the minimal value in increment form does it as u decreases. In these cases, the constraints in regular form are not excessively strict.
2) STEPS OF FEEDBACK AND CORRECTION
According to the analysis of 1), feedback and correction procedures are included in the robust optimization approach. As Fig. 2 shows, in order to construct the constraints in increment form, the output of the ORPD controller (u * ), and the output of the power system (V m , Q Cs ) are routed back as parts of the inputs of the ORPD controller. The name ''feedback'' is used to describe the routing back of u * , V m and Q Cs . Note that in the periodical ORPD, the values routed back are the values at last control period, i.e., u * 0 , V meas m0 , Q meas Cs0 . The correction procedure distinguishes the excessively strict constraints among the constraints in regular form and replaces them by the constraints in increment form.
The steps of the feedback and correction procedures of V m constraints are illustrated in Fig. 3 , where M UI , M UR , M LI and M LR are subsets of M, and N M is the number of PQ buses. For each m in M UI and M UR , the upper bound constraint of V m is expressed as increment form and regular form, respectively. For each m in M LI and M LR , the lower bound constraint of V m is expressed as increment form and regular form, respectively. The feedback and correction procedures of Q Cs constraints are similar to Fig. 3 .
By the feedback and correction procedures, the feasible region is enlarged.
3) FCRO MODEL
Following the feedback and correction procedures, the FCRO model is expressed as (8) .
where, S UI , S UR , S LI and S LR are subsets of S. For each s in S UI and S UR , the upper bound constraint of Q Cs is expressed as increment form and regular form, respectively. For each s in S LI and S LR , the lower bound constraint of Q Cs is expressed as increment form and regular form, respectively. Compared with the BRO model, the FCRO model can search for the optimal solution in a larger feasible region and thus is more possible to find a better solution. Noting the uncertainty set and the upper and lower bounds of the voltage in the FCRO model are the same as those in the BRO model, the feasible region is enlarged without sacrificing the robustness and security. For the same reason, the constraints of reactive power output are not compromised.
D. EVALUATION INDICATORS OF ORPD MODELS
This paper evaluates the performance of the three ORPD models (the DO model, the BRO model and the FCRO model) in terms of optimality and robustness. The performance in optimality is measured by the optimal fitness value, i.e., the optimal value of the objective function, and the performance in robustness is measured by the ability of the optimal solution to tolerate the deviation of transmission line parameters. An optimality indicator and a robustness indicator are presented in this section, and a composite index is provided to aggregate the two indicators.
1) OPTIMALITY INDICATOR
The optimality indicator (OI) is described as (9): OI = optimal fitness value of the DO model optimal fitness value of the model under evaluation (9) VOLUME 6, 2018
The optimal fitness value of the DO model is taken as a base value. In the terms of optimality, the less the optimal fitness value of a model is, the better the optimality performance of the model is, namely, the larger the value of OI is. In this paper, the active power loss is taken as the objective function, and therefore the value of OI is obtained with the aid of active power loss.
2) ROBUSTNESS INDICATOR
If the optimal solution to the model is feasible in k U set , where U set is a pre-set uncertainty set, max k is defined as the robustness indicator (RI) of the model. Max k represents the ability of the optimal solution to the model to tolerate the deviation of the uncertain data.
For the DO model and the BRO model, the value of RI can be obtained by solving (10) .
For the FCRO model, the value of RI can be obtained by solving (11) .
3) COMPOSITE INDEX
The composite index (CI) is presented by a weighted geometric mean to aggregate the two indicators as shown in (12) .
where, ω 1 and ω 2 are the weights assigned to OI and RI respectively.
III. METHODOLOGY TO SOLVE BRO AND FCRO MODEL AND OBTAIN RI VALUE
The models expressed by (2), (8), (10) and (11) have bi-level structures, where some optimization problems are embedded within another. For example, the FCRO model (8) contains an optimization problem to maximize P as inner optimization problem, as shown by (8.a), and a set of optimization problems in the constraints, as shown by (8.c)-(8.j), of the outer optimization problem to minimize P. The bi-level optimization problem cannot be solved by optimization algorithms directly. A commonly used method is to decompose the bi-level optimization problem into a set of single-level optimization problems [10] , [29] . The singlelevel optimization problems are further divided into a master problem (MP) and a number of sub-problems (SPs) according to their hierarchies. Usually, the outer optimization problem is classified as MP and the inner optimization problem and the optimization problems in constraints are classified as SPs. Finally, the solution to the original bi-level optimization problem is obtained by iteratively solving the MP and the SPs until convergence is achieved. For a robust optimization model, the MP seeks the decision in the worst case, and the SPs update the worst case according to the decision given by the MP in each iteration [29] . In this section, the methodology to solve the BRO and FCRO models and to obtain the RI value is illustrated by an example of the FCRO model.
A. MASTER PROBLEM
The MP seeks the optimal solution for minimal P in the u decision space in the worst case. The worst case incorporates the following situations: 1) P is maximized, 2) V m is maximized and minimized, respectively, and 3) Q Cs is maximized and minimized, respectively, in the (ξ Rij , ξ Xij , ξ BLij ) decision space. The solution to the MP should be feasible in all these situations. The MP is defined as (13) .
Cs4 ≤Q Cs ∀s ∈ S UR (13.l)
where the subscript 1 represents that the values of variables are determined when P is maximized in the (ξ Rij , ξ Xij , ξ BLij ) decision space, the superscript (m) represents that the values of variables are determined when V m is maximized (as h = 2) and minimized (as h = 3) in the (ξ Rij , ξ Xij , ξ BLij ) decision space, and the superscript (s) represents that the values of variables are determined when Q Cs is maximized (as l = 4) and minimized (as l = 5) in the (ξ Rij , ξ Xij , ξ BLij ) decision space. (13.b), (13.c) and (13.d) are the power flow constraints for situations 1), 2) and 3), respectively. After the MP is solved, the optimal solution u * is sent to the SPs.
B. SUB-PROBLEMS
Robust optimization aims to search an optimal solution for the worst case, namely, the most unfavorable situation caused by uncertain data. The goals of the SPs are to identify the worst case. In the ORPD model presented in this paper, P is considered as the objective function, and V m and Q Cs are constrained by their upper and lower bounds. All of P,V m and Q Cs are affected by ξ Rij , ξ Xij , ξ BLij . Therefore, the SPs search ξ Rij , ξ Xij , ξ BLij for the most unfavorable situation of P, V m and Q Cs according to u * , respectively. Specifically, the SPs consist of P SP, V m SP, and Q Cs SP.
1) P SUB-PROBLEM
P SP is an optimization problem of searching ξ Rij , ξ Xij and ξ BLij to maximize P. The P SP is defined as (14) .
After the P SP is solved, the optimal solution (ξ Rij1 , ξ Xij1 , ξ BLij1 ) is sent to the MP. 
After the V m SP is solved, the feedback and correction procedures proposed in 2) of Part C Section II are conducted to generate data sent to the MP. The data sent to the MP from the V m SP are as follows:
• Solution to (16) Rij3 , ξ 
After the Q Cs SP is solved, the feedback and correction procedures proposed in 2) of Part C Section II are conducted to generate data sent to the MP. The data sent to the MP from the Q Cs SP are as follows:
• Solution to (20) and the corresponding value of Q Cs0 , expressed as (ξ
• Solution to (22) and the corresponding value of Q Cs0 , expressed as (ξ
BLij5 , Q Cs05 ) ∀s ∈ S LI
C. ALGORITHM FOR SOLVING THE MASTER-SUB PROBLEM
The solution algorithm of the master-sub problem is described as follows: 1) Initialize the MP, set max iteration and tolerance, and set iteration=1. 2) Solve the initial MP, and send the decision u * to the SPs. 3) Solve the SPs according to u * , and send the data required by MP as described in Part B Section III to the MP. 4) Update the worst case, solve the MP for the updated worst case, and increase iteration by 1. If the iteration is larger than the max iteration or the change of the objective value between this iteration and last iteration is less than the tolerance, end the algorithm. Otherwise, send the decision u * to the SPs and go to step 3).
IV. CASE STUDIES
In Northwest China, a 750 kV transmission system is being used to deliver a large amount of power from west to east. The total length of the transmission lines is 1000 km approximately. A simulation system is built using MATLAB according to the real system, as shown in Fig. 4 , and simulation VOLUME 6, 2018 It is observed that when the parameters are accurate, the voltage at each bus is deterministic and between the upper and lower bounds, which indicates both the DO model and the BRO model can guarantee the feasibility of the solutions. However, when the parameters are inaccurate, the voltage at each bus varies, and some voltages corresponding to the DO model may exceed the upper bound.
As shown in Fig. 5 , the solution to the DO model may lead to voltages exceeding the upper bound, including voltages at buses A, F, G, J, K, L and M in operation mode 1, and voltages at buses F, J, K, L and M in operation mode 2. In the worst case, the voltage can be 0.03 p.u. higher than the upper bound in operation mode 1 (see the voltage at bus F in Fig. 5(a) ) and 0.01 p.u. higher in operation mode 2 (see the voltage at bus J in Fig. 5(b) ). It indicates that the solution, which is mathematically feasible, may be unfeasible in practice when the values of transmission line parameters are not accurate. Therefore, it is necessary to consider the uncertainty of transmission line parameters in ORPD models. In the case, the RI of the DO model is 0, which means the solution to the DO model is likely to be unfeasible if any uncertainty exists in the transmission line parameters.
The solution to the BRO model can guarantee that the voltage at each bus is within the upper and lower bounds when the values of the transmission line parameters are not accurate. In the case, the RI of the BRO model is 1, hence, the solution to the BRO model is feasible for all the values of the transmission line parameters within the uncertainty set.
By comparing Fig. 5(b) with Fig. 5(a) , it can be found that the ranges of voltage are narrower in operation mode 2 than in operation mode 1, and it is less likely to have voltages exceeding the upper bound in operation mode 2. Therefore, operating bus A as a PV bus can mitigate the influences brought by the uncertainty of transmission line parameters to voltages. 
B. COMPARISON OF THE RESULTS OF FCRO WITH BRO
Three scenarios with different values of the transmission line parameters are used to demonstrate the results of the BRO model and the FCRO model. In these scenarios, the values of the transmission line parameters, represented by µ, are 0.98, 1.0, and 1.02 of the nominal values, respectively. Fig. 6 shows the results of voltages corresponding to the optimal solution to the FCRO model, and Fig. 7 shows the optimal active power loss of the BRO model and the FCRO model.
As shown in Fig. 6 , the solution to the FCRO model can guarantee the voltages within the upper and lower bounds in all three scenarios. With regards to the objective of the ORPD, as shown in Fig. 7 , the FCRO model performs better in reducing active power loss than the BRO model, which indicates that the FCRO model improve the optimality of robust optimization. Table I and Table II show the values of the OI, RI and CI of the BRO model and the FCRO model. As shown in the tables, the OI of the FCRO model is larger than that of the BRO model in each scenario, and the RI of the FCRO model equals to that of the BRO model. This further implies that the FCRO model performs better in optimality than the BRO model, while maintains the same robustness as the BRO model. The CI also reflects that the FCRO model is superior to the BRO model.
To explain the conservativeness of the BRO model and the effectiveness of the feedback and correction procedures, Table III and Table IV Besides, the voltages in regular form at buses A, B, F, G, H, J, K, L, and M exceed the upper bound, which indicates applying the FCRO model can generate a solution that will not be obtained from the BRO model, where constraints in regular form are used. Therefore, it can be concluded that the constraints in regular form are excessively strict and thus the BRO model is over conservative. Through the feedback and correction procedures, the FCRO model can avoid this drawback and thus is able to find a better solution than the BRO model.
It can also be observed that, compared with the results in operation mode 1, in operation mode 2, the difference of the active power loss between the BRO model and the FCRO model is smaller, so are the differences of the voltages and the reactive power compensation between the regular form and the increment form. Therefore, operation mode 2 helps to mitigate the conservativeness of the BRO model.
C. COMPARISON OF THE RESULTS OF FCRO WITH OTHER METHODS FOR MITIGATING CONSERVATIVENESS
Previous studies have proposed several methods to mitigate conservativeness of robust optimization [22] [23] [24] . Nevertheless, the method proposed in [24] is not suitable for dealing with the uncertainty resulting from inaccurate parameters, because the construction of the dynamic uncertainty set requires accurate historical values of uncertain data. Other methods are studied for comparison in this part. Operation mode 2 and the scenario where µ = 1.02 are used.
The method proposed in [22] is called stochastic robust optimization (SRO) in this paper. The SRO model is given as follows:
where E ξ Rij ,ξ Xij ,ξ BLij ( P) is the expected value of P over all possible ξ Rij , ξ Xij and ξ BLij , α and (1 − α) are the weights of the first term and the second term of the objective function, respectively. α is set to 0.9, and thus a small weight is assigned to the second term (i.e., the worst-case performance) for the purpose of mitigating conservativeness. A scenario-based method is used to solve the first term [5] . The scenarios are set as shown in Table V . A large probability is set for scenario 1 to emphasize its importance, considering µ = 1.02.
The method proposed in [23] is called expanded robust optimization (ERO) in this paper. The ERO model is given as follows: where ρ w is the weight of U w . U w and ρ w are set as shown in Table VI . A large ρ w is set for U 1 to emphasize its importance, considering µ = 1.02.
1) REQUIRED INFORMATION ABOUT UNCERTAIN DATA
The required information about uncertain data of each model is shown in Table VII . Compared with the BRO model, the FCRO model requires no more information about uncertain data, while the SRO and ERO models require more information besides the uncertainty set U of the BRO model.
2) EFFECT ON MITIGATING CONSERVATIVENESS
For the SRO and ERO models, the strategy to mitigate conservativeness of the BRO model is to consider the probability of the uncertain data in the objective functions. The feasible regions for the SRO and ERO models remain the same as that for the BRO model. For the FCRO model, the strategy to mitigate conservativeness of the BRO model is to enlarge the feasible region. The objective function of the FCRO model is the same as that of the BRO model. Two cases are performed to illustrate the difference between the FCRO model and the SRO/ERO model in terms of the effect on mitigating conservativeness. In these cases, the voltage at bus A (V A ) is regarded as the only control variable, and other controllable variables are fixed according to the optimal solution to the BRO model. Case 1: The injected active power and reactive power are set as mentioned at the beginning of this section. Fig. 8 shows the changes of objective values with V A , where the feasible Table VIII shows the feasible regions, optimal solutions, and optimal active power losses. As V A increases, the objective value of each model decreases. For the SRO and ERO models, V A has the same feasible region as that for the BRO model. Therefore, all the optimal solutions to the SRO, ERO and BRO models are the same (i.e.,V A1 ), and thus the optimal active power losses of the SRO and ERO models are the same as that for the BRO model. In other words, the SRO and ERO models do not help to mitigate conservativeness of the BRO model in this situation. In contrast, for the FCRO model, V A2 is larger thanV A1 . Therefore, the optimal solution to the FCRO model falls out of [V A1 ,V A1 ] and the optimal active power loss of the FCRO model is less than that of the BRO model. These results demonstrate the advantage of the FCRO model in mitigating conservativeness of the BRO model.
Case 2: The active power injected at bus F is set to 1402 MW, the reactive power injected at bus H is set to −113 Mvar, and the active power and reactive power injected at other buses are set as mentioned at the beginning of this section. The results are shown in Fig. 9 and Table IX . The optimal solution to each model is within the range of [V A1 ,V A1 ]. For the SRO and ERO models, the objective functions consider the probability of different situations of the uncertain parameters, while for the BRO model only the worst case is considered. Therefore, the optimal active power losses of the SRO and ERO models are less than that of the BRO model. For the FCRO model, the objective function is the same as that of the BRO model. Therefore, the optimal solution to the FCRO model is the same as that to the BRO 
V. CONCLUSIONS
This paper proposes a basic robust optimization model and a robust model with feedback and correction to address uncertain parameters of transmission lines. The uncertainty of transmission line parameters is included in the models. The feedback and correction procedures introduce measured values of voltages, reactive power compensations, and their increments into the robust optimization models, to obtain a larger feasible region and mitigate conservativeness of robust optimization. Moreover, indicators are proposed to evaluate the optimality and robustness of the DO model, the BRO model and the FCRO model. The main findings of this paper are outlined as follows:
1) The BRO model and the FCRO model can generate solutions against any deviation of transmission line parameters within uncertainty set, while the DO model could lead to a practically unfeasible solution. 2) Compared with the BRO, SRO and ERO models, the FCRO model improves the optimal fitness value by enlarging the feasible region, while it retains the advantage of minimal requirement of information about uncertain data.
3) The evaluation indicators provide an effective way to evaluate and compare the DO model, the BRO model and the FCRO model in terms of optimality and robustness. The decomposition presented in this paper provides an approach to solve a bi-level optimization problem. However, the decomposition does not pay much attention on the convergence performance of the solution procedure. In our future research, some decomposition techniques, such as Benders decomposition [11] and column-and-constraint generation algorithm [9] , will be utilized to improve the performance of the decomposition.
